In this paper, adaptive friction compensation is investigated using both model-based and neural network (non-model-based) parameterization techniques. Intensive computer simulations are carried out to show the effectiveness of the proposed control techniques, and to illustrate the effects of certain system parameters on the performance of the closed-loop system.
Introduction
In order to achieve high precision motion control, friction must be appropriately compensated for. Friction compensation can be achieved based on a reasonable accurate model for friction. However, it is difficult to model friction as it depends on velocity, position, temperature, lubrication and even history of motion. Direct compensation of friction is desirable and effective in motion control. However, it is difficult to realize in practice because of the difficulty in obtaining a true representative parametric model. For controller design, the parametric model should be simple enough for analysis, and complex enough to capture the main dynamics of the system. If the model used is too simple, such as the simple Coulomb friction and viscous friction model, then there is the possibility of over compensation resulting from estimation inaccuracies [l] . Adaptive friction compensation schemes have been proposed to compensate for nonlinear friction in a variet,y of mechanisms [l] , but these are usually based on the linearized model or a model which is linearin-the-parameters(L1Ps) for the problems under study. Each model only captures the dominant friction phenomena of the actual nonlinear function and may exhibit discrepancies when used for other systems where other friction phenomena appear.
Since neural networks can approximate any continuous nonlinear function to any desired accuracy over a compact set. As an alternative, neural networks can be used to parameterize the nonlinear friction and subsequently, adaptive control can be incorporated for online tuning. The resulting schemes is non-model-based, 0-7803-5446-X/99 $10.00 0 1999 IEEE and does not require the exact friction model which is difficult to obtain in practice. In [2], neural networks have been used t o approximate the nonlinear function in the Z-Model. In [3], adaptive multi-layer neural networks were applied t o the control of servo mechanisms.
In this paper, after reviewing the commonly used friction models for controller design and simulation, a simple LIP friction model that captures most of the observed friction phenomena and easy to use for controller design is presented. To further reduce the workload in obtaining a complete dynamic model, neural nerworks are also used t o model the dynamic friction. For the ease of comparison and uniformity, only LIP neural networks are investigated while multi-laycr neural networks can also be similar applied without much difficulty. Finally, extensive simulation studies are presented to show the effectiveness of the proposed control methods and the effects in augmented primitive function space.
S y s t e m and D y n a m i c Modeling

D y n a m i c System
A large class of servo mechanisms can he represented by a simple mass system, whose dynamic equation is given by
where m is the mass, x is the displacement, U is the control force, f(x, 5) is the friction force t o be described in details, and d ( t ) is the external disturbance which is assumed t o be bounded by bd > 0 as Id(t)l 5 b d .
Friction Models
Friction is a multifaceted phenomenon, exhibits the well-known classical Coulomb and viscous friction, nonlinearity at low velocity, and the elasticity of the contact surfaces. In any given circumstance, some features may dominate over others and some features may not be detectable with the available sensing technology. But all these phenomena are present all the time. The use of a more complete friction model will extend the applicability of analytic results and resolve discrepancies that arise in different investigation. While the classical friction models only give the static relationships between velocity and friction force, the most recent friction model, the so-called Z-model, is a dynamic one with an nnmeasureable internal state.
For clarity and uniformity of presentation, let constants fc, f,,, and fs be the Coulomb friction coefficient, viscous coefficient, and the maximum static friction constant (stiction force). In the following, a list of commonly used friction models are given.
a. Static Friction (Stiction): At zero velocity, the static friction opposes all motion as long a s the "torque" is smaller in magnitude than the maximum stiction force fs, and is usually described by where
In actual (numerical) implementation, the impulse function can be approximated differently such as triangular and rectangular as in the case of Karnopp's version of stiction.
In fact, stiction is not truly a force of friction, hut a force of constraint in presliding and behaves like a spring. For small motion, the elasticity of asperities suggests that the applied force is approximately proportional to the presliding displacement
where ft is the tangential stiffness of the contact, z is the displacement away from equilibrium position and J(X) is used to describe the fact that stiction only occurs when it is at rest. Up to a critical force, breakaway occurs and true sliding begins. Breakaway has been observed to occur at the order of 2-5 microns in steel junctions and millimeter motion in robots for the arms act as levers to amplify the micron motion at the gear teeth. Presliding displacement is of interest to control community in extremely high precision positioning. If sensors are not sensitive enough, we would only be able to observe the commonly believed stiction model (1).
b. Coulomb Friction (Dry Friction): Independent of the area of contact, the Coulomb friction always opposes relative motion and is proportional to the normal force of contact. The Coulomb friction is described by
where fc = fnl with j i being the coefficient of friction, and fn the normal force. Constant fc is independent of the magnitude of relative velocity. On the other hand, 6 = 1 gives the Tustin's model as described by [7] It is one of the best model describing the friction force at velocities close to zero. It includes a decaying exponential term in the friction model. It explain the microscopic limit cycle behavior, which, after a breakaway point at $, has a negative exponential characterization. Experimental work has shown that this model can approximate the real friction force with a precision of 90% 18, 91.
Because of the nonlinearity in unknown parameter xs in the Tustin's model and the difficulty in dealing with nonlinear parameters, the following simple LIP friction model was proposed [l]:
where constants f c , fr and f., are not unique and depends on the operating velocity. The simple LIP model has the following advantages: (i) it captures the downward bends and possible asymmetries, (ii) the unknown parameters are linear and thus suitable for on-line identification, (iii) these parameters can arcomlnodate parametric changes due to environmental variations, (iv) this type of model structure reduces the possibility of friction over compensation resulting from estimation inaccuracies caused by simplified friction model structures such as the Coulomb friction and viscous friction model.
f. Lorentaian Model:
In [lo] , a model of the form has been employed which shows a systematic dependence o f f , and fe on the lubricant and loading parameters. Remark 2. It is generally considered having two different manifestations, i.e., the presliding friction and the sliding friction 151. In the presliding stage, which is usually in the range of less than 10-5m, friction is dominated by the elasticity of the contacting asperity of surfaces as described by equation (2). It not only depends on both position and velocity of motion, but also exhibits nonlinear dynamics behavior such as hysteresis characteristics with respect to position and velocity as observed by many researchers. In the sliding stage, friction is dominated by the lubrication of the contacting surfaces and introduces damping into the system. It is usually represented by various functions of velocity. Thus, we can conclude that friction is continuous though may be extremely highly nonlinear, and depends on both position and velocity. The discontinuities modeled by stiction (1) and Coulomb friction (3) are actually observation at the macro level. Thus, friction can be approximated by neural networks as explained below.
g. Neural Network friction model: Neural networks offer a possible tool for the nonlinear mapping approximation. Neural network can approximate any continuous function to arbitrarily any accuracy over a compact set if the size of the network is large enough.
Because of the complexity and difficulty in modeling friction, neural networks may be used t o generate input/output maps using the property that a multi-layer neural network can approximate any function, under mild assumptions, with any desired accuracy. It has been proven that any continuous functions, not necessarily infinitely smooth, can be uniformly approximated by a linear combinations of Gaussian radial basis functions (RBF). A Gaussian RBF neural network can be mathematically expressed as
where S ( z , f ) is the basis function vector, and P is the corresponding weight vector. A general friction model f ( z , f ) can then be written as
where f m ( z , f ) is given in (7) , and c(z,j.) is the neural network functional reconstruction error.
It is well-known that any sufficiently smooth function can be approximated by a suitably large network using various activation functions, based on the StoneWeierstrass theorem. Typical choices include the sigmoid, hyperbolic tangent, radial basis functions, etc. We only present LIP neural networks for the ease of analysis and controller design later. Nonlinear multilayer NN can also be investigated following the work [3, 111. It is clear that friction can be described by the gene r a l f o r m f ( z , f ) = f m ( z , i ) + r ( z , i ) wheref,(z,%) = S T ( z , f ) P is LIP model for friction and E is the residue modeling error. If S(z, f ) consists of the classical model basis functions listed in (5) 
Because of the difficulty in controller design using the Z-model and the above nice properties in describing friction, it shall be used to describe the friction in the plant in our simulation studies. The internal dynamics are not compensated for explicitly in the controller.
Controller Design
In the literature, many control techniques have been investigate for friction compensation, which include highgain PID, feedforword compensation, robust friction compensation, adaptive friction compensation, neural network control. In this work, we shall investigate a unified adaptive controller based on the parameterization techniques (model based and neural network based) presented previously which are linear-in-theparameters.
Let z,+(t) be the desired trajectory. Define
where X > 0. Let (j) be the estimate of (*) and ( i ) = (*I -(4. Hence V ( t ) E L,, which implies that 8 is bounded.
In other wards, e^ is bounded for 6' is constant though unknown.
Since T E L2, e E Lz fl L,, e is continuous and e -+ 0 as t + CO, and e E Lz. By noting that T E L z , zd, id,
x d E L,, and $ is of bounded functions, it is concluded that I: E L , from equation (9) . Using the fact that can produce good tracking performance because the neural network friction model can capture the dominant dynamic behavior of the Z-model in the plant. 5 
Conclusions
In this paper, adaptive friction compensation has been investigated using both model-based and neural network (non-model-based) parameterization techniques. Both model-based and non-model based adaptive friction controllers have been developed with guaranteed closed-loop stability. Intensive computer simulations has been carried out to show the effectiveness of the proposed control techniques, and to illustrate the effects of certain system parameters on the performance of the closed-loop system. 
